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Abstract

Perinatal mental health conditions affect nearly 20% of mothers and 10% of fathers, yet access to
timely care remains limited. Al-supported conversational agents (CAs) offer scalable support, but
their responsible development remains poorly characterised. This scoping review examined how
perinatal CAs are built, governed and evaluated, whom they serve, and what safeguards they
incorporate. Nine interdisciplinary databases were searched for relevant studies (January 2015—
September 2025). Of 6,118 records, 35 studies describing 30 unique CAs across 14 countries
were included. Rule-based architectures predominated; large language model (LLM) and hybrid
systems emerged rapidly after 2022. Twenty-two studies described screening, treatment, or crisis-
related functions, yet therapeutic foundations were inconsistently reported. No study reported
advanced privacy-preserving computation, although 14 relied on third-party commercial APls. Nine
systems reported automated risk detection, but none reported crisis-language sensitivity or false-
negative performance; only one linked crisis detection to human follow-up within a defined
timeframe. Fathers, couples, non-birthing parents, linguistically diverse populations, and users in
low-connectivity settings remained poorly represented. Several operational safeguards were less
consistently documented in newer architectures, a pattern reflected in the six-dimension
Governance Maturity Score (0—24): median scores were 10 for rule-based and 5 for LLM-hybrid
studies (p = 0.003), persisting across four sensitivity analyses. We describe this architecture-
governance contrast as the Al perinatal paradox. Eight minimum standards are proposed to
support governance-first development, in which developers, clinicians, and policymakers embed
safety, equity, privacy, and human oversight from design to deployment of perinatal CAs.

Keywords: perinatal mental health; conversational agents; large language models; Al governance; privacy-
preserving; federated learning; clinical readiness; crisis escalation.

Introduction

Perinatal mental health (PMH) conditions, such as depression and anxiety arising during
pregnancy and the first postpartum year, are important contributors to morbidity associated with
childbearing®. They affect about one in five mothers*® and one in ten fathers*® worldwide, with
evidence of increasing prevalence over time'®, yet remain substantially underdiagnosed and
undertreated’’. Consequences extend beyond the affected parent to impaired parent-infant
bonding®, disrupted family functioning®, and adverse neurodevelopmental outcomes in
offspring'®'". In severe cases, perinatal mental disorders contribute to maternal suicide'?, which
remains among the leading causes of mortality during the first postpartum year'®. The care gap is
pronounced in low- and middle-income countries (LMICs)'*"® and other low-resource settings,



including regional, rural, and remote communities, where specialist perinatal services are scarce".
Workforce shortages, financial cost, geographic isolation, fragmented care pathways, and stigma
further limit access to timely psychological support'2°,

Digital mental health interventions, delivered through web and mobile applications, have emerged
as a scalable response to this care gap, with adoption accelerating during the COVID-19 pandemic
as healthcare systems expanded remote models of care?. Among these interventions, artificial
intelligence (Al)-supported conversational agents (CAs), comprising chatbots and voice assistants,
have attracted growing interest due to their capacity to provide flexible, interactive, and increasingly
personalised support??>. Through text, voice, or multimodal interfaces, they provide
psychoeducation, symptom monitoring, behavioural support, and referral guidance??2®. Their
continuous availability, perceived anonymity, and low barriers to access may encourage
engagement among perinatal parents who are unable or reluctant to seek conventional care?.
These same features increase the importance of robust safeguards when systems operate without
immediate clinical oversight.

CAs have evolved substantially over the past six decades?. Early rule-based systems such as
ELIZA?, introduced in 1966 to simulate a Rogerian psychotherapist, relied on predefined rules and
scripted pattern matching. Contemporary systems increasingly use classical machine learning
trained on task-specific data, large language models (LLMs) pretrained on large text corpora, and
hybrid architectures that combine multiple computational approaches?*?¢. These architectures
differ in how responses are generated, their capacity to adapt to users and conversational context,
and the predictability and transparency of their outputs®*. Such advances have enabled more
context-aware and personalised interactions that respond to changing needs across the perinatal
period?. This broadens the application of CAs to pregnancy-related distress, postnatal depression,
parenting confidence, and care navigation. These architectural differences also have implications
for clinical oversight, privacy, governance, safety, and responsible use®?°.

These concerns are particularly consequential in perinatal care, where parents may disclose highly
sensitive information concerning suicidality, intimate partner violence, substance use, and
thoughts of infant harm®. Failures in data protection or clinical safeguards, such as privacy
breaches, unsafe advice, or missed crisis signals, can harm both parent and infant®®. Data
practices are central to responsible CA design. Key considerations include the provenance of data
used to develop or evaluate models, where data are stored and processed, the involvement of
third-party services, how systems are updated, and the transparency of these processes. They
also raise questions of consent and accountability when users are unclear about how their data
are retained or reused, or when model updates alter system behaviour®®. Advanced privacy-
preserving approaches have been applied in general mental health research®'. These include
federated learning (training models across decentralised data while keeping raw data local),
differential privacy (limiting individual-data disclosure through calibrated noise), and on-device
inference (generating outputs locally on the user’s device). Their adoption in perinatal CAs remains
unclear. Many digital systems instead rely on commercial cloud infrastructures with limited
transparency on data storage, third-party access, secondary use, and re-identification risk®?.

Beyond data governance, important questions remain about who these systems are designed for
and how they function in practice. Paternal perinatal mental health is linked to maternal wellbeing*
and child outcomes®, while parents may also influence each other as an interdependent dyad**.
Yet whether perinatal CAs meaningfully include fathers/non-birthing partners or model parents
dyadically has not been systematically mapped. Evidence is also limited on whether these systems



support diverse users in low-resource settings®®*, demonstrate real-world clinical effectiveness,
or provide reliable crisis escalation and human follow-up. These dimensions are closely linked, as
design choices intended to strengthen personalisation, privacy, inclusivity, or clinical safety may
have consequences for the others. Such interactions may be overlooked when system design,
governance, and population inclusion are considered in isolation.

Recent reviews have examined mental-health CAs across effectiveness and feasibility®”:%¢,
technological evolution from rule-based systems to LLMs?*, ChatGPT applications®®, generative-Al
design®®, and safety*’. Related reviews have addressed federated learning in mental-health
research®’, mHealth evaluation“?, and healthcare Al governance***¢. Within PMH, reviews have
considered LMIC context*, care cascades*®, emotional support*’, and CA intervention?’:4¢4°, These
strands have largely been examined separately, and to our knowledge, no prior review has jointly
examined computational architecture, data practices, population inclusion, governance maturity,
and design trade-offs in perinatal CAs. This matters because increasing technical capability may
not be accompanied by safeguards and evidence proportionate to clinical risk.

To address these gaps, we conducted a scoping review of Al-supported CAs for PMH, following
JBI methodology®® and PRISMA-ScR reporting guidance®'. We asked four questions:
(i) How are computational approaches (rule-based, classical machine learning, LLM, and
hybrid) implemented in perinatal mental health CAs, and what ethical and privacy principles
are embedded or neglected in these systems?

(i) How do data practices (training-data provenance, storage location, processing methods,
model transparency, and updating strategies) shape privacy, consent, and accountability?

(iii) Which populations, contexts, and care needs are included or excluded in the design and
evaluation of these systems; that is, whose care is left behind?

(iv) What design tensions emerge between computational efficiency, personalisation, privacy,
inclusivity, and clinical safety?

To compare heterogeneous systems and assess their governance practices, we developed four
complementary outputs: a Governance Maturity Score, a governance-by-model-class
visualisation, a taxonomy of six recurrent design tensions, and eight proposed minimum safety
standards. This review maps the current evidence, identifies key gaps, and provides practical
guidance for developers, clinicians, and policymakers to support responsible development of
perinatal CAs.

Results

Screening results

Our search identified 6,118 records (6,045 from nine databases, 73 from manual and grey-
literature searching). After removing 2,404 duplicates, 3,714 records underwent title-and-abstract
screening, of which 65 proceeded to full-text review. One report could not be retrieved, leaving 64;
of these, 32 met the inclusion criteria. Forward and backward citation tracking and a supplementary
Google Scholar search identified three more eligible studies, bringing the total to 35 (Fig. 1).
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Fig. 1 | PRISMA-ScR flow diagram of the study selection process.

Descriptive overview

The 35 included studies described 30 unique perinatal CAs. Four systems were evaluated in more
than one study: Parentbot (Studies 1, 17, and 34), Woebot (Studies 5 and 30), ALBA (Studies 14
and 22), and Rover (studies 27 and 35). The remaining 26 appeared once.

Publication activity accelerated across the review period: one study (3%) was published in 2015-
2018, six (17%) in 2019-2021, and 28 (80%) in 2022-2025. Twenty-four studies (69%) were
published in peer-reviewed journals and 11 (31%) in conference proceedings. Journal publications
generally represented more mature stages of evaluation: 18 of 24 were clinical pilots or later-stage
evaluations, whereas all 11 conference papers were conceptual or laboratory-stage studies.

Two of the 30 unique CAs were general-purpose commercial systems evaluated for perinatal use,
leaving 28 purpose-built systems. Of these, 12 (43%) were developed by computing or engineering
teams, seven (25%) by interdisciplinary teams, five (18%) by commercial companies, three (11%)
by health teams, and one (4%) by a team from another academic discipline. Computing teams
accounted for 10 of the 11 conference studies; the remaining study was developed by an
interdisciplinary computing and clinical team. Clinical involvement in system development or
validation was reported in 23 of 35 studies (66%), while four (11%) reported no clinical involvement
and eight (23%) provided insufficient information to determine whether clinicians were involved.
The 30 unique systems were developed across 14 countries, although development was



concentrated in high-income settings. Twenty systems (67%) were developed in high-income
countries, four (13%) in upper-middle-income countries, five (17%) in lower-middle-income
countries, and one (3%) USA-Kenya collaboration (Fig. 2). The USA contributed seven systems
independently and one collaboratively, followed by Italy with four and the United Kingdom with
three. All other countries contributed one or two systems. Evaluation followed the same pattern:
19 of the 35 studies (53%) were conducted in high-income countries, four (11%) in upper-middle-
income and four (11%) in lower-middle-income settings, and eight (23%) did not report an
evaluation country.
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Fig. 2 | Geographic distribution of perinatal CAs. The 30 unique systems were developed across 14
countries, classified by World Bank income group. Zuri was jointly developed in the USA and Kenya.

At study level, text was the reported dialogue modality in 32 studies (91%); two (6%) used voice-
based systems and one (3%) did not report the dialogue modality. Mobile applications were the
most reported delivery platform, used in 25 studies (71%). Two studies (6%) reported both app
and web interfaces, one (3%) used a web interface only and one (3%) used SMS and a messaging
platform; six studies (18%) did not report the delivery platform. Overall, 27 studies (77%) evaluated
CAs delivered through a mobile application or an app-containing platform.

Mixed-methods evaluations were the most common design (n = 11, 31%), followed by simulation
studies (n = 8, 23%), and randomised controlled trials (n = 5, 14%); the remainder comprised
feasibility, pilot, quasi-experimental, observational, cross-sectional and protocol reports
(Supplementary Data S1, sheet 1). Study samples ranged from two participants to an analytical
dataset of 380,500 records; the median human-user sample size was 50 participants. Eleven
studies (31%) enrolled no human end-users at all, relying instead on simulation, secondary dataset
analysis, or expert review.

Computational architectures and model classes

Across the unique systems (n = 30), rule-based architecture predominated (n = 10, 33%), followed
by hybrid systems (n =7, 23%) and LLM systems (n = 6, 20%). Two systems (7%) used classical
machine learning alone, three (10%) relied on commercial Al services of undisclosed architecture,
and two (7%) claimed Al but reported no specific model. At study level (N = 35), the same
classification yields 15 rule-based, 7 hybrid, 6 LLM, 3 unspecified-Al, 2 classical machine learning,
and 2 not reported studies (Table 1; Supplementary Data 1, sheets 1 and 2).

Table 1 | Model-class classification of the 30 unique CAs across 35 studies.



Model Class Unique Studies, | Systems (study IDs; references)
Systems, n=30 N=35

Parentbot(Studies 1, 17 and 34)52'54; Woebot(Studies 5 and 30)55’56;

Rule-based 10 (33%) 15 (43%) ) 5758 . 59 .
ALBA(Studies 14 and 22)°’-°%; ijPosyandu chatbot(Study 8); Claimlt
chatbot(Study 23)60; Juno(Study 16)61; Maia(Study 26)62;
Rover(Studies 27 and 35)63'64; Moment for Parents(Study 28)65;
Pregnancy Companion(Study 32)66

67. 68. o pfiy

Hybrid 7 (23%) 7 (20%) PPD screener(Study 4)°’; Baby Bump(Study 13)°"; e-Midwife(Study
15)69; Dr. Joy(Study 18)70; Maria(Study 19)71; Rosie(Study 29)72;
MamaBot(Study 33)"3

Large Language 6 (20%) 6 (17%) | MOMCare(Study 6)"* NurtureBot(Study 7)’°; Breastfeeding

Model (LLM) 5 -
chatbot(Study 11)">; DIAN(Study 12)""; ChatGPT intervention(Study
20)’8; Storytelling LLM(Study 24)"°

Unspecific Al 3 (10%) 3(9%) Zuri(Study 2)8% Voice assistants(Study 3)8'; Wysa(Study 31)%2

Classical Machine | 2 (7%) 2(6%) | Chat robot(Study 9)°3; SVM chatbot(Study 10)%*

Learning (ML)

Not reported 2 (7%) 2(6%) | Al chatbots(Study 21)%%; HiBaby(Study 25)%°

NB: Studies evaluating the same system are grouped. Classification follows the response-generation rule described in the
Methods. Commercial Voice assistants in Study 3 were classified as unspecified Al because their response-generating
architectures were not disclosed. Woebot's conversational responses are rule-based, although its input processing uses machine-

learning intent classification; re-assignment rationales are provided in Supplementary Data S1, sheet 1.

Model composition shifted over time. All six LLM systems and five of the seven hybrid systems
appeared in 2022—-2025, so 11 of the 28 studies published in that period (39%) used LLM or hybrid
architectures (Fig. 3). Fourteen studies (40%) depended on third-party commercial application
programming interfaces (APIs), including OpenAl, AWS, Kakao, Google/Dialogflow, Telegram and
Twilio, routing conversational content, derived representations or service requests through
external servers. Two systems (MOMCare and DIAN) used retrieval-augmented generation.

Model class (total)
wem Rule-based (15)
mmm Classical ML (2)

Hybrid (7)
- LM (6)
= Unspecified Al (3)
20 Not reported (2)

25

15

Number of studies

10
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Publication period
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Fig. 3 | Publications over time by model class (N = 35 studies)

Clinical scope, functions, and therapeutic foundations

Depression was the most frequently targeted mental health condition, identified in 21 studies
(60%), followed by wellbeing (16, 46%), anxiety (15, 43%) and stress (10, 29%); categories
overlapped because individual systems could address more than one condition. When mental-




health targets were classified into mutually exclusive categories, multi-condition support was most
common (16/35 studies, 46%), followed by depression (10/35, 29%), wellbeing (5/35, 14%),
anxiety (2/35, 6%), stress (1/35, 3%) and other mental-health targets (1/35, 3%) (Fig. 4a). No
included system explicitly targeted perinatal psychosis, obsessive-compulsive disorder, bipolar
disorder, birth-related trauma/PTSD, substance use disorders, eating disorder, or perinatal loss
and bereavement. Hypomania, however, was included among the mental-health targets in two
studies. Stage coverage was relatively balanced across the 30 unique systems: 15 (50%) spanned
both antenatal and postnatal periods, seven (23%) were antenatal-only and eight (27%) were
postnatal-only. None of the eight postnatal-only systems reported a human-involving mental-health
crisis pathway; however, such pathways were also not universal among systems covering the
antenatal period or both stages.

Systems varied widely in their intended mental health applications, with many performing more
than one clinical function. Informational support was most common (27/35 studies, 77%), followed
by monitoring (22/35, 63%), treatment (16/35, 46%), screening (8/35, 23%), crisis detection or
response (4/35, 11%), and decision support (1/35, 3%). No system performed a diagnostic
function. Overall, 22 studies (63%) described systems performing at least one of screening,
treatment, or crisis detection or response (Fig. 4b).

Therapeutic foundations also varied across the 30 unique systems. Hybrid approaches and
psychoeducation were most common, each identified in nine systems (30%), followed by no
explicit therapeutic foundation in seven (23%). Two systems (7%) were based primarily on
cognitive behavioural therapy (CBT), two (7%) were scale-based, and one (3%) was mindfulness-
based. No system used interpersonal psychotherapy (IPT) or acceptance and commitment therapy
(ACT) as its sole therapeutic foundation, although these approaches were incorporated within
hybrid systems (Fig. 4c).
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Fig. 4 | Clinical scope, functions, and therapeutic foundations of perinatal CAs. a, Mental health targets
across 35 studies. b, Clinical functions across 35 studies. ¢, Therapeutic foundations across 30 unique systems

Privacy-preserving methods and data practices

No study reported advanced privacy-preserving computation, such as, federated learning, on-
device inference, differential privacy, secure aggregation or homomorphic encryption (Table 2;
Supplementary Data 1, sheet 3). Study 4 (the PPD screener) proposed on-device processing and
stronger encryption as future safeguards but, as implemented, transmitted user input to a
commercial cloud API. Anonymisation or pseudonymisation at the database level was reported in
13 studies (37%) and encryption in two (6%).

The 14 API-dependent studies (40%) processed conversational content on external servers, and
the count rises to 15 (43%) when an authentication-only dependency on a national digital-identity



service (Study 26) is included. No system described on-device response generation. A data-
storage location was stated in nine studies (26%), predominantly cloud-based; the remaining 26
did not report where data were stored.

Source code was openly available for one system (3%). The response-generating architecture
could not be independently identified in five studies (three undisclosed commercial services, two
with no reported model), and no study provided a model card or datasheet. Training-data or
knowledge-base provenance was reported in 30 studies (86%), predominantly user-generated,
synthetic, scraped or expert-authored content, with formal clinical datasets underpinning four
systems.

Post-deployment change was assessed at two levels: model-level updating, involving retraining or
learning from new data, and content or configuration updating, involving changes to prompts, rules,
content or knowledge bases without modifying the underlying model. Model-level updating was
reported in three studies (9%): two used continuous online learning and one used iterative model
refinement. Two studies (6%) reported content or knowledge-base updating without model-level
change. Eight studies (23%) reported a static model or decision mechanism, although two of these
allowed content or configuration changes. Model-level updating was not applicable to one rule-
based system with no trained model. The remaining 21 studies (60%) did not report an updating
strategy.

Table 2 | Privacy-preserving measures, data practices, and transparency across included studies.

Measure Reported, n Details
(%)

Advanced privacy-preserving computation 0 (0%) No federated learning, on-device inference, differential
privacy, secure aggregation or homomorphic encryption
reported

Anonymisation / pseudonymisation at rest 13 (37%) -

Encryption reported 2(6%) -

Third-party commercial APl dependency 14 (40%) 15 studies (43%) when authentication-only dependency
in Study 26 is included

Data-storage location stated 9 (26%) Cloud (5); hybrid (2); local (1); unclear (1)

One further study shared analysis code and de-identified

Open-source system code 1(3%) data; another used an open-source platform without
releasing system-specific code

Named data-protection regulation 6 (17%) GDPR (5); Australian Privacy Act 1988 (1)

Training-data or knowledge-based provenance 30 (86%) Clinical datasets (4)

Model card / datasheet provided 0 (0%) None reported

Post-deployment updating status reported 13 (37%) Model-level updating: continuous online learning (2),
iterative model refinement (1).Content or knowledge-
base updating without model-level change (2). Static
model or decision mechanism (8), of which two allowed
content or configuration changes.

Third-party API dependency excludes the authentication-only digital-identity service used in Study 26.

Population and representation

Four of the 30 systems addressed fathers (Parentbot, NurtureBot, Dr. Joy, and Rover, evaluated
across six studies), leaving 26 systems (87%) focused exclusively on mothers (Supplementary
Data 1, sheet 4). The depth of paternal inclusion varied widely. Rover was designed specifically
for fathers, with father-specific content and male-voiced guidance; Dr. Joy enrolled two male
participants. Parentbot recruited couples but adjusted for clustering with a couple identification
number instead of modelling reciprocal partner effects. NurtureBot included both mothers and
fathers but analysed participants independently. Representation of diverse parent and family types
was also limited: 29 of 35 studies made no reference to non-birthing partners, sexual orientation
or gender identity. Parentbot restricted participation to heterosexual couples, whereas Rover



explicitly included fathers regardless of biological parenthood, including fathers in same-sex
relationships, but did not address non-birthing parents who did not identify as fathers. Across the
included studies, no study modelled dyadic interdependence or estimated the effect of one
partner's mental health on the other.

Nineteen systems (63%) operated exclusively in English. Infrastructure accessibility was similarly
limited: Zuri was the only system that supported access without mobile broadband through SMS,
allowing use on basic mobile phones. These representation and access constraints frequently
overlapped. Across all the included studies, sixteen of the 35 studies (46%) simultaneously
focused only on mothers, operated only in English, and offered no offline capability.

Development context also varied by architecture. Rule-based studies were almost exclusively from
high-income settings (14 of 15), compared with 3 of 6 LLM and 4 of 7 hybrid studies; every system
developed in a low-middle-income country used a hybrid or LLM architecture. Cultural adaptation
was reported in 15 studies (43%) and did not differ substantially by model class. Two LLM systems
delivered content in Turkish and Indonesian while building on base models trained predominantly
on English-language data, and neither reported evaluating that base model for linguistic or cultural
bias.

Crisis escalation

The crisis escalation was classified at the study level according to the highest documented tier
(Table 3). Ten studies (29%) had no escalation mechanism among them, and in several cases the
authors stated the absence explicitly; a further seven (20%) did not address crisis provision at all,
so its presence could not be determined form the publication. The remaining tiers, from static
disclaimers to automated detection without human follow-up.

Three studies (9%) paired automated detection with a human-response pathway; they differed in
whether human follow-up was guaranteed and whether a response timeframe was specified. Rosie
specified follow-up by a clinical social worker within 24 hours. Zuri alerted a live team member
without an assured response time. The Pregnancy Companion notified a doctor and ambulance
for general medical emergencies; mental health crisis language did not trigger escalation. Of the
three, two were specific to mental health crises and one specified a defined response timeframe.

Table 3 | Highest documented crisis-escalation tier (N=35 studies).

Highest crisis-escalation tier Studies %
Automated detection + human follow-up 3 9%
Automated detection (no human) 4 1%
Human-in-the-loop (referral without automated detection) 6 17%
Hotline / emergency contacts 3 9%
Static disclaimer only 2 6%
None 10 29%
Not reported 7 20%
Total 35 100%

Categories are mutually exclusive and sum to 35 studies. Human-in-the-loop refers to referral or transfer to a clinician or midwife
without automated crisis detection. General-health referral pathways not specific to mental-health crises are identified in
Supplementary Data 1, sheet 5.



Nine unique systems, evaluated across ten studies, reported automated risk or emergency
detection. None reported the sensitivity, specificity, or false-negative rate of that detection for crisis
language. Reported figures described related but distinct tasks: e-Midwife, for example, reported
97.9% accuracy for risk-keyword classification but no crisis-detection sensitivity or false-negative
performance.

Governance maturity

Governance Maturity Scores ranged from 2 to 14 of 24 (median 7; interquartile range, IQR, 5—
10.5; mean 7.5). Four studies (11%) fell within the descriptive None range (0-3), 16 (46%) within
Basic (4—7), 10 (29%) within Moderate (8—11), and five (14%) within Advanced (12—14). No study
reached the Comprehensive range (15-24). The highest score of 14 was shared by Zuri, the ALBA
feasibility study and Rosie; Maia scored 13 and the Parentbot effectiveness trial 12. These five
Advanced scores represented five distinct systems, none of which reported a privacy-preserving
computational architecture or an empirical fairness evaluation (Fig. 5).

Crisis escalation (highest tier)
* Automated + human follow-up
244 @ Automated (no human)
® Human-in-the-loop
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Fig. 5 | Governance maturity by model class and crisis-escalation tier. Each marker represents
one study, coloured by its highest documented crisis-escalation tier.

Across the six dimensions (Fig. 6), mean scores were highest for bias and fairness (2.00 of 4) and
safety (1.57), followed by consent (1.34), regulation (1.23), privacy (0.89) and monitoring (0.46).
Bias and fairness were the only dimension with a mean reaching 2.0; all other dimension means
remained below this level. The full per-class breakdown is provided in Supplementary Data 1,
sheets 6 and 7.
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Fig. 6 | Governance Maturity Profile across the six GMS dimensions. Mean scores across 35
studies, with the dashed ring denoting a score of 2.0 on the 0—4 scale.

Explicit informed consent was documented in 18 studies (51%); two relied on implicit consent,
three described no consent process and 12 did not report one. Six studies (17%) cited a named
data-protection regulation (the GDPR in five, the Australian Privacy Act 1988 in one). Six systems
disclosed their Al identity in-chat, and one stated explicitly that the system was not human. Clinical
supervision was absent in 23 studies (66%), consultative in nine and not reported in three; no study
reported continuous clinical review of conversational outputs during deployment.

Governance maturity and reporting by model class.

Among the 30 studies in the four defined model classes, GMS distributions differed across classes
(Kruskal-Wallis H = 11.60, p = 0.009; Fig. 5). Rule-based studies recorded a median score of 10
of 24 (IQR 8-11), compared with 6.5 for LLM studies (IQR 4.5-7), 5 for hybrid studies (IQR 3.5—
6) and 4 for the two classical-machine-learning studies; the combined LLM-and-hybrid group had
a median of 5 (IQR 4-7). The primary comparison of rule-based studies and the combined LLM-
and-hybrid group was significant (Mann—Whitney U = 161.5, p = 0.003; rank-biserial r = 0.66).

The model-class contrast remained across four sensitivity analyses. After collapsing systems
evaluated in more than one study to single value per system, governance still differed across
classes (n = 25; Kruskal-Wallis H = 9.86, p = 0.020; rule-based versus LLM-and-hybrid U = 109.0,
p = 0.007). When restricted to studies published in 2022-2025, the medians were 11.0 versus 6.0
of 24 (U =119.5, p =0.006). Using the raw extracted classes without the response-generation rule,
the medians were again 10.0 versus 6.0 (U = 141.0, p = 0.013; rank-biserial r = 0.57). When
conference publications were excluded, the corresponding medians were 10.5 and 7.0 among
peer-reviewed journal studies (U = 79.5, p = 0.024; rank-biserial r = 0.62). Across all four sensitivity
analyses, rule-based studies retained higher GMS scores than the combined LLM-and-hybrid

group.

Governance differences were also visible in the underlying indicators (Fig. 7; Supplementary Data
1, sheet 8). Rule-based studies more often documented explicit consent than LLM studies (11/15
versus 3/6), a privacy measure at rest (10/15 versus 1/6), clinical supervision (6/15 versus 0/6)
and a human-involving crisis pathway (5/15 versus 0/6). The pattern was not uniform: LLM studies
more often addressed bias or fairness (4/6, versus 9/15 rule-based and 3/7 hybrid studies) and
reported a data-storage location (3/6 versus 4/15), while Al-identity disclosure was more frequent
in hybrid (3/7) and LLM (2/6) studies than in rule-based studies (4/15). Reporting differed by the
kind of element rather than declining uniformly with newer architecture: declarative elements were



documented at least as often in newer systems, while elements establishing operational
accountability to a clinician were documented less often.
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Fig. 7 | Governance reporting by model class. *Al-identity disclosure counts partial
disclosure, where the system signals non-human status without an explicit statement that it is
Al.

Evaluation and evidence

Eight studies (23%) evaluated systems through simulation without real users and two (6%) in
laboratory settings. Fifteen studies (43%) evaluated systems in the home or another real-world
context, one in a clinical setting and seven in mixed settings; two did not report the evaluation
setting (Supplementary Data 1, sheet 9). Ten studies (29%), describing seven unique systems,
reported clinical outcomes in actual users. The remainder reported usability, feasibility,
acceptability, engagement or technical performance.

Five studies were primary reports of randomised controlled trials, and two further studies (Studies
1 and 30) reported secondary or summary analyses of completed trials. Where between-group
effects were reported, they were small and inconsistent. The largest trial reported a small between-
group increase in parenting self-efficacy at one month (mean difference 1.22, 95% confidence
interval, Cl, 0.06 to 2.39; d = 0.14). It also found a small reduction in maternal state anxiety at three
months (mean difference -2.21, 95% CI —-4.18 to -0.24; d = -0.22), with no significant effect on
depression or stress. No study reported a health-economic or cost-effectiveness outcome, and
none of the simulation-only systems had corresponding real-user evaluation.

Cross-cutting design tension

Six recurrent design tensions were identified across 28 of the 35 studies (80%) (Table 4;
Supplementary Table 1). Safety versus autonomy was the most frequently observed. The tensions
spanned conversational architecture, data use, clinical oversight, accessibility and population
inclusion, indicating that the same design decision could create benefits in one dimension while
introducing constraints in another.

Table 4 | Six recurrent design tensions.

Tension Recurring trade-off

Safety versus autonomy Constrained interaction is easier to control but less responsive; open-ended
generation is more flexible but introduces greater safety uncertainty.

Scale versus personalisation Broader reach may reduce tailoring; greater personalisation increases data,
infrastructure, and computational demands

Clinical accuracy versus accessibility | Clinically detailed content may be harder to understand, while simplification can
reduce clinical precision.




Privacy versus personalisation Personalisation often requires more data, increasing the need for stronger privacy
safeguards.

Automation versus clinical oversight Automation supports scalability and reduces reliance on limited clinical capacity, but
complicates human oversight and integration with health services when needs
exceed the system’s capabilities

Father inclusion versus focused Maternal-focused design excludes fathers and non-birthing partners; broader
maternal care inclusion reduces father-specific tailoring and increases the support and escalation
demand a system must meet.

Discussion

This review shows that the rapid evolution of Al-supported CAs for PMH has not been consistently
matched by equivalent development in governance, privacy, safety, and inclusive design. Across
35 studies describing 30 unique systems, rule-based architectures remained common, while LLM
and hybrid systems emerged rapidly after 2022 and expanded the possibilities for flexible,
personalised interaction. Twenty-two studies described screening, treatment, or crisis-related
functions, showing that many systems are already operating in clinically consequential spaces. Yet
no included study reported advanced privacy-preserving computation, and only one linked
automated mental-health crisis detection to human follow-up within a defined timeframe. Fathers,
couples, non-birthing partners, linguistically diverse populations, and users in low-connectivity
settings remained poorly represented. These findings indicate a persistent mismatch between
increasing technical capability and the safeguards, oversight and evidence required for responsible
use.

The clearest expression of this mismatch emerged in the relationship between model class and
documented governance. Rule-based studies more often reported explicit consent, privacy
measures, clinical supervision, and human-involving crisis pathways than LLM studies, while
newer architectures showed greater or comparable attention to selected indicators of bias,
fairness, data-storage transparency, and Al-identity disclosure. The review-specific GMS reflected
the same pattern, with a median score of 10 of 24 for rule-based studies compared with 5 for the
combined LLM-and-hybrid group. This contrast persisted across four sensitivity analyses, including
after collapsing multiple studies of the same system, restricting the publication period, using the
raw model classifications, and excluding conference publications. We describe this architecture-
governance contrast as the Al perinatal paradox: conversational systems are becoming more
flexible and technically sophisticated, yet several operational safeguards central to responsible use
remain less consistently implemented or reported*®®’.

The paradox describes an observed association and does not imply that rule-based systems are
intrinsically safer or that LLMs weaken governance. Several factors may help explain the pattern.
Rule-based systems were often described within clinical or research programmes in which ethics
approval, consent procedures, and referral pathways were already embedded, while LLM-and-
hybrid studies more often emphasised conversational performance, empathy, and personalisation.
Variation within model classes also shows that architecture alone does not determine governance
maturity. Rosie was among the highest-scoring hybrid systems, while both classical machine-
learning prototypes scored poorly despite their lower technical complexity. Translational maturity
may contribute, as all LLM studies were published after 2022 and many remained at formative or
technical stages of evaluation. Yet the contrast persisted when analyses were restricted to studies
published from 2022 to 2025, suggesting that publication timing alone does not explain the pattern.
Hua et al. similarly found that only about 16% of LLM-based studies across 160 general mental-



health chatbot studies had reached clinical-efficacy testing®. These findings indicate that technical
sophistication and governance maturity are distinct dimensions of progress*4¢:87,

The clinical functions assigned to these systems make this distinction consequential. Although
many systems performed screening, treatment or crisis-related functions, seven of 30 unique
systems reported no explicit therapeutic foundation. None performed diagnosis, but diagnostic
labelling is not required for a system to influence care. Screening outputs may shape symptom
recognition and help-seeking, therapeutic content may influence self-management, and responses
to distress may affect subsequent care. Governance, evidence and oversight should reflect what
a system is designed to do and the consequences if it fails, not the sophistication of its
conversational interface alone.

Data practices revealed another important governance gap. Fourteen studies (40%) relied on third-
party commercial APls for conversational processing, while data-storage location was reported in
only nine studies and encryption in two. No included system reported federated learning, on-device
response generation, differential privacy, secure aggregation or homomorphic encryption. Source
code was openly available for one system, no study provided a model card or datasheet, and most
did not clearly report whether the response-generating model or knowledge base changed after
deployment. Training-data and knowledge-source provenance were also inconsistently
documented, limiting assessment of what data and evidence informed system behaviour and
whether those sources were appropriate for the populations served. Regulatory reporting was
similarly sparse, with only six studies citing a named data-protection regulation. These gaps do not
establish inappropriate data handling because the review assessed published reporting, not
deployed infrastructure, but they limit independent assessment of privacy, reproducibility, and
accountability. Such omissions also raise questions about whether these considerations are
routinely addressed in system design and reporting.

The consequences are particularly important in PMH, where conversations may involve suicidal
ideation, intimate-partner violence, substance use, pregnancy or thoughts of infant harm®.
Perinatal women already withhold such disclosures from clinicians for fear of being judged unable
to cope or of child-protection involvement®®. Exposure of this content, or the perception that it may
be exposed, therefore carries two clinical risks: direct harm if disclosures reach third parties,
including an abusive partner with access to a shared device or account®, and indirect harm if
parents censor what they disclose, so that the risk signals a system depends on to trigger
escalation are never expressed. Anonymisation of stored records does not remove the risks
created when user inputs, conversational content or derived representations cross a network
boundary to an external provider, as occurred in 14 of the 35 included studies. Published privacy
statements are also an unreliable guide to actual practice: in an audit of top-ranked depression
and smoking-cessation apps, 33 of 36 transmitted data to third parties, yet fewer than half of those
sending data to Google disclosed it*. The current evidence does not support recommending
perinatal CAs to parents on the basis of stated confidentiality alone, since the information clinicians
would need to judge data handling are usually unavailable. Until data flows are independently
verified, clinicians recommending these systems should discuss the limits of confidentiality with
parents beforehand, with particular caution where intimate-partner violence or child-protection
concerns are present. Reports should move beyond generic statements of confidentiality and
specify where inputs are processed, which external providers receive data, what is retained, how
access is controlled, and whether information is reused®. These arrangements should be
reassessed when changes to the model, content, provider or processing infrastructure alter the
underlying data flow. Systems built on third-party foundation models may also change through
provider-initiated updates outside the deployer’s control. Behavioural variation between versions



of the same model has been documented®, raising the possibility that safety or performance
established during evaluation may not persist after an update. Transparency should also extend
directly to users. Where sensitive conversational data are processed by external providers, users
should be clearly informed about these data flows and, where feasible, given meaningful control
over retention, secondary use, and deletion of their data. Such information should be presented at
the point of use instead of being confined to general privacy policies or terms of service.

The absence of privacy-preserving computation reflects limited adoption, not a lack of technical
alternatives. On-device processing, federated learning and differential privacy have demonstrated
feasibility in related mental-health applications*'*'. Their suitability will vary by architecture and use
case, but systems handling sensitive disclosures should minimise unnecessary data movement
and define data flows, retention, access controls, and external dependencies before deployment.

The crisis findings provide a high-stakes example of the gap between technical safeguards and
effective crisis response. Nine unique systems reported automated risk or emergency detection,
yet none reported sensitivity, specificity or false-negative performance for crisis language. Three
studies paired automated detection with a human-response pathway, but only one specified
mental-health follow-up by a human within a defined timeframe. None of the postnatal-only
systems reported a human-involving mental-health crisis pathway. Recent studies have similarly
questioned the reliability of LLM responses to suicide-related and other high-risk disclosures?®92:%3,
This creates an important trade-off: in lower-risk or subclinical populations, automated detection
and escalation may strengthen safety where no crisis pathway currently exists, provided
appropriate safeguards are in place. For higher-risk populations, however, fully automated
responses are harder to justify. An automated detector with an unknown false-negative rate may
create an appearance of safety without showing that crisis disclosures will be recognised and acted
upon reliably. Guardrails and emergency links alone do not establish an end-to-end safety
pathway. Consistent with recent editorial guidance®®, meaningful human involvement requires a
defined escalation threshold, clarity about what is monitored and by whom, a qualified responder,
a response timeframe and a contingency when contact fails. Crisis response should be evaluated
as an end-to-end pathway in real users, assessing detection sensitivity, false-negative
performance, completed escalation and time to human response.

Population inclusion revealed a governance concern, not only a coverage gap. Bias and fairness
cannot be addressed through model performance alone when systems are not designed and
evaluated across the populations, languages, and cultural contexts they are intended to serve.
This concern was evident across several dimensions. Fathers remained peripheral to system
development: only 4 of 30 systems addressed them, and only Rover was designed specifically
around paternal PMH. Rover extended beyond biological fatherhood to fathers in same sex
relationships, but not other non-birthing parents. The absence of dyadic modelling is important
given the interdependence of maternal and paternal mental health across the perinatal period®.
Recruiting both partners does not capture this interdependence unless reciprocal effects are
represented in the system design or analytic model. Linguistic and infrastructural reach were
similarly constrained. Nineteen systems (63%) operated exclusively in English, none supported
open-ended multilingual conversation, and only one used an SMS-based channel suited to lower-
bandwidth settings; LLM and hybrid systems commonly depended on networked cloud
infrastructure. Cultural adaptation, where reported, also did not coincide with stronger safety
infrastructure, as these systems were generally rule-based and lacked crisis escalation
(Supplementary Data 1, sheets 4 and 5). Higher-risk and specialised clinical needs were largely
absent from system development, including perinatal psychosis, perinatal obsessive-compulsive
disorder, birth-related trauma, and perinatal loss and bereavement. These patterns show that
scalability does not ensure inclusion. This concern is particularly consequential for complex and
adaptive systems, where poor representation may affect the relevance, interpretation, and safety



of responses across settings. Inclusion should be treated as a core governance and design
consideration shaping language, delivery, therapeutic content, escalation and evaluation.

The six cross-cutting design tensions show that these challenges extend beyond a simple choice
between rule-based and generative architectures. Greater conversational flexibility,
personalisation and automation can increase demands on monitoring, data use and human
oversight. These tensions are design choices, not technological inevitabilities: privacy-preserving
approaches, human escalation and explicit Al-identity disclosure can mitigate some of these trade-
offs. The central design question is whether architecture, data flow and oversight are proportionate
to intended function, population, infrastructure and clinical risk.

The limited evaluation evidence makes these decisions more important. Eleven studies enrolled
no human end-users, and only ten studies describing seven unique systems reported clinical
outcomes in real-world users. Where comparative effects were reported, benefits were small or
inconsistent. Technical accuracy, usability, conversational fluency, and perceived empathy are
useful development outcomes, but they do not establish reduced symptoms, prevention of harm
or improved parent-infant outcomes. The increasing use of LLMs and simulation-based evaluation
makes this distinction especially important because conversational competence can be
demonstrated before clinical benefit has been established. Evidence requirements should scale
with the claim being made. Informational systems may primarily require comprehension, usability
and safety testing, while systems claiming treatment benefit, triage capability or crisis support
require prospective human-user evaluation with clinically meaningful outcomes and explicit harm
monitoring.

Viewed across all six governance dimensions, maturity was low and uneven. GMS values ranged
from 2 to 14 of 24, with a median of 7 in the descriptive Basic range, and no study reached the
Comprehensive range. Even the highest-scoring studies did not report a privacy-preserving
computational architecture or empirical fairness evaluation, showing that higher relative maturity
did not imply complete governance. The highest scores reflected clearer implementation and
reporting of practices such as consent, crisis escalation and regulatory engagement, not greater
model complexity. The GMS is a review-specific descriptive framework and should not be
interpreted as a validated clinical, regulatory, safety or risk-assessment instrument. Its value lies
in making governance conditions visible alongside conventional technical and clinical performance
measures. The same broad architecture-related pattern was evident in the underlying governance
indicators, indicating that the observed contrast was not created by the composite score alone.
External evaluation is needed before the GMS is used beyond this review.

These findings have direct implications for developers, clinicians, and policymakers. Developers
should document how sensitive data are handled, how model changes are managed, when users
are escalated to human support, and where automated support reaches its limits. Clinicians should
establish where data are processed, who monitors the system, how high-risk interactions are
escalated, whether users know they are interacting with Al, and whether evaluation populations
reflect intended users. Policymakers should require evidence proportionate to the system’s clinical
consequences, with stronger expectations for privacy, transparency, monitoring and human
oversight for treatment, triage and crisis-related roles. Certification can support this, but only if it
independently verifies how systems handle data. An assessment of apps accredited by the NHS
Health Apps Library found widespread unencrypted transmission of identifying information that
developer self-declaration had not detected®. Certification of perinatal CAs, for example as an
extension of Australia's National Safety and Quality Digital Mental Health Standards®, should
include technical verification of data flows and recertification when the underlying model or provider
changes. These priorities align with emerging regulatory expectations for Al in healthcare®®®’,



and support broader health-system governance of responsible Al, including accountability,
transparency, human oversight, and equitable implementation in public health services®.

Box 1 translates the recurrent gaps into eight proposed minimum safety and governance
standards. No included study documented fulfilment of all eight. The standards require prospective
evaluation and should be applied proportionately to intended function, clinical risk, and deployment
setting.

Box 1 | Proposed minimum safety and governance standards for perinatal CAs

# Standard Minimum operational requirement

1 Crisis recognition Detection of suicidal ideation, self-harm, or crisis language, with tested sensitivity and false-negative rates reported.
2 Human escalation A pathway to a qualified clinician or crisis service within a defined timeframe.

3  Al-identity disclosure In-chat disclosure that the user is interacting with an Al.

4 Safety disclaimer In-chat statement that the system is not a substitute for professional care.

Language, cultural and family inclusivity, with delivery channels appropriate to the intended population and setting,

Sceesblinfanticison including SMS or low-bandwidth access where needed.

& Documented governance

Transparent assessment across privacy, safety, monitoring, regulation, fairness and consent.
assessment

7 Privacy-preserving data Documented data minimisation, encryption, access controls, and retention practices, with privacy-preserving
governance computation where appropriate to the system’s function and setting.

Evidence from human-user evaluation appropriate to the system’s intended function, including clinically meaningful

8  Real-world clinical validation outcomes where clinical benefit is claimed.

Future research should move beyond demonstrating that perinatal conversational agents can
produce acceptable or empathetic responses. Crisis-related studies should report sensitivity, false-
negative performance, completed escalation and time to human response in real users. Privacy-
preserving approaches should be implemented and evaluated alongside usability, model
performance and clinical outcomes, with data flows, retention practices and model updates
reported transparently. The architecture-governance contrast should be independently replicated
using prospectively specified governance criteria and comparable reporting standards. Future
systems should involve fathers, non-birthing parents, couples, linguistically diverse populations
and low-connectivity settings from design through evaluation. The proposed standards also require
prospective testing to determine their feasibility and whether their adoption is associated with safer,
more equitable, and clinically effective systems.

Several limitations should inform interpretation. The review assessed governance as documented
in publications and cannot establish that an unreported safeguard was absent from the deployed
system. Source code was unavailable for almost all systems, preventing independent verification
through code audit, penetration testing or network inspection. Restriction to English-language
publications and exclusion of commercial white papers and unreviewed preprints may
underrepresent commercially deployed systems, lower-resource settings and systems with null or
negative findings. This may also reflect a disconnect between commercial deployment and the
peer-reviewed evidence base. Conversely, many systems described in the scientific literature are
research prototypes that may not be available to consumers. Rapidly evolving systems may also
have changed after publication. Formal critical appraisal was not undertaken because the review
aimed to map a heterogeneous evidence base, which limits conclusions about the methodological
quality of individual effectiveness studies. Data extraction was completed by one reviewer with
independent verification of a subset, departing from the registered plan for full dual extraction. The
GMS was developed after protocol registration; its equal weighting and maturity bands are
pragmatic analytical choices, and the inferential comparisons are exploratory. Independent



rescoring of a subset supports within-review reproducibility but does not establish external validity.
The design-tension synthesis was interpretive, and cost-effectiveness, business models and
disability-specific accessibility were not systematically assessed because reporting was sparse.
Two conference papers analysed the same 223-record dataset; collapsing repeated systems in
sensitivity analysis did not alter the overall conclusions.

CAs may extend access to perinatal mental-health information, screening, and support, but
technical capability alone does not establish responsible use. Across this evidence base, advances
in conversational architecture coexisted with limited privacy protection, weak crisis validation,
narrow population coverage, limited clinical oversight and sparse evidence of patient benefit. The
opportunity to introduce safeguards becomes more constrained as technologies become
embedded in practice, reflecting the dilemma described by Collingridge four decades ago®; that
window is narrowing as conversational Al moves closer to routine care. Governance-first
development offers a useful organising principle for the field. Safety, equity, privacy and clinical
validation should be specified from the outset and evaluated throughout the system lifecycle.
Whether a person disclosing a crisis reaches qualified human support depends on choices made
before deployment. By making those choices visible and comparable, this review provides a basis
for more accountable development. Perinatal conversational Al should be safe before deployment,
inclusive by design, privacy-preserving by default, and clinically validated in proportion to its
intended role before it is trusted at scale

Methods

We conducted a scoping review following JBI methodology'® and reported it in accordance with
PRISMA-ScR checklist®>' (Supplementary Table 2). The protocol was prospectively registered on
the Open Science Framework (https://osf.io/63mpb)™".

Search strategy

We searched nine databases spanning health, psychology, computing, and engineering:
MEDLINE, PsycINFO, Emcare, IEEE Xplore, ACM Digital Library, CINAHL, Scopus, Web of
Science and Cochrane CENTRAL. Searches were conducted on 5 November 2025 and covered
January 2015 to September 2025. Key studies identified by the review team informed the initial
MEDLINE strategy, which combined three concept blocks: the perinatal period, mental health, and
Al-supported conversational agents. The strategy was refined with an expert librarian (B.L.) and
reviewed by our multidisciplinary team, with expertise in applied Al, digital mental health, and
psychology, and adapted to each database using controlled vocabulary and free-text terms.
Database searches were supplemented by backward and forward citation tracking and a grey-
literature search using the same core concepts. Full search strategies are provided in
Supplementary Table 3.

Eligibility criteria

Eligibility was defined using the PCC (Population, Concept, Context) framework®’. The population
comprised individuals during pregnancy and up to 12 months postpartum, their partners or both.
Mixed-population studies were eligible only when perinatal findings were reported separately. The
concept comprised Al-supported text, voice, or multimodal conversational agents enabling
interactive natural-language dialogue and explicitly addressing perinatal mental health or

wellbeing. The context included clinical, real-world, applied and development settings, with
evaluations involving human participants, simulations, datasets or expert review.

We included peer-reviewed primary studies, full conference papers, major institutional reports, and
protocol papers reporting substantive methodological development. Evaluations without human



participants were eligible where they reported technical or architectural characteristics. We
excluded non-conversational systems, static screening or tracking applications, studies without an
explicit perinatal mental-health focus, registered protocols without methodological content or
results. We also excluded reviews, editorials, commentaries, unreviewed preprints, commercial
white papers, non-English publications, abstracts, posters, and reports without accessible full text.
Full eligibility criteria are provided in Supplementary Table 4.

Study selection

All retrieved records were imported into Rayyan software for deduplication and screening. Two
reviewers (D.0O.0. and A.B.R.S.) independently screened titles, abstracts and full texts against the
eligibility criteria, with agreement of 87.3% and 89.5%, respectively. Disagreements at both stages
were resolved by consensus. One report remained unavailable despite thorough searches and
author contact via ResearchGate. Studies 27 and 35, co-authored by A.B.R.S. and S.J.T., were
assessed by the non-conflicted reviewer, D.O.0. Reasons for full-text exclusion are summarised
in Fig. 1.

Data extraction and verification

A standardised extraction form was developed from the review objectives and preliminary reading,
piloted on five randomly selected studies and refined by D.O.O. and A.B.R.S. The final form
comprised 92 variables across eight domains: (1) study context; (2) system and clinical scope; (3)
population representation; (4) safety and risk; (5) conversational design and architecture; (6) data
governance, privacy and accessibility; (7) evaluation evidence; and (8) design tensions, limitations,
and summary; the full codebook is provided in Supplementary Data 1, sheet 10.

D.O.O. extracted data from all included studies, with A.B.R.S. independently verifying a randomly
selected studies 11%; no discrepancies were identified. Ambiguities arising during extraction were
resolved in weekly meetings. This departed from the registered plan of full dual extraction owing
to resource constraints. Prespecified coding rules for clinical outcomes, language, and other
variables are provided in Supplementary Data 1, sheet 10. Crisis responses were classified by the
highest reported level of escalation, ranging from no reported mechanism to automated detection
with human follow-up within a defined timeframe (Supplementary Data 1, sheet 5).

Unit of analysis and model classification

The 35 studies described 30 unique CAs. System-level characteristics were reported per unique
agent (n = 30), whereas evaluation-specific characteristics, such as governance, crisis escalation,
privacy practices, and study design, were reported per study (N = 35). Systems were classified by
the architecture generating the user-facing response as rule-based, classical machine learning,
LLM, hybrid, unspecified Al or not reported; input parsing and post hoc transcript analysis did not
determine model class. Where multiple publications described the same system, classification
used the fullest technical description (Supplementary Data 1, sheet 1).

Governance Maturity Score (GMS)

The GMS assessed six dimensions of reported governance: privacy, safety, monitoring, regulation,
bias and fairness, and consent. Each dimension was scored from 0 (absent) to 4 (comprehensive)
using predefined criteria informed by health-Al governance frameworks**43, WHO guidance®, the
perinatal mental-health literature*'?, and requirements for special-category health data®.
Dimension scores were summed to 0—24 and descriptively classified as None (0-3), Basic (4-7),
Moderate (8—-11), Advanced (12—14), and Comprehensive (15-24) (Table 5). Inferential analyses
used the continuous total score. The GMS was designed to enable structured comparison of
reported governance practices across studies.



Table 5 | Governance Maturity Score

: dimensions and anchored 0—4 scoring criteria.

details

escalation

Dimension | 0 - Absent 1 - Minimal 2 - Partial 3 - Substantial 4 - Comprehensive
Privacy No privacy Generic Anonymisation or Encryption plus Privacy-preserving
measure statement of pseudonymisation at res | access control; data | architecture (on-device,
reported confidentiality flows described federated or differential
only privacy)
Safety No safety Static safety Disclaimer plus hotline Crisis detection or Automated crisis detection
mechanism | disclaimer only or crisis-service contact human-in-the-loop with human follow-up

within a defined timeframe

terms of service)

specific consent

Monitoring No Ad hoc Periodic human review Defined monitoring Continuous clinical review
monitoring developer of outputs process or clinical with audit trail
or oversight | review oversight
Regulation No Ethics approval Ethics approval plus trial | Named data- Regulatory pathway or
regulatory mentioned or data registration protection regulation | device clearance
or ethics cited (for example, documented
reference GDPR)
Bias and Not Bias Population Subgroup Empirical fairness
fairness considered acknowledged characteristics reported performance evaluation across
as a limitation described demographic groups
Consent No consent | Implicit consent General informed Explicit, Explicit consent with data-
process (for example, consent obtained documented, study- use transparency and

withdrawal

Scores were assigned at the study level, reflecting the governance documented within a given
publication. A.B.R.S. independently re-scored 12 of the 33 studies eligible for blinded re-scoring
(36%), selected at random, across all six dimensions. Studies 27 and 35 were excluded owing to
A.B.R.S.'s co-authorship. Before consensus, reviewers agreed exactly on 51 of 72 dimension-level
rating (71%), with 69 of 72 (96%) differing by no more than one point, and 9 of 12 studies (75%)
were assigned to the same governance band. In each of the three studies with discordant bands,
differences in dimension-level ratings produced totals one point apart at the Basic—Moderate
threshold (7 versus 8). These cases were reviewed jointly to reach consensus, which did not
change the band originally assigned by D.O.O. (Supplementary Data 1, sheets 11 and 12)

Minimum safety standards

Eight proposed minimum safety and governance standards were derived from the NIST Al Risk
Management Framework™?, WHO guidance®, FDA clinical decision support guidance'?, EU Al
Act transparency requirement’®, GDPR requirements for special-category data*>'% and practices
identified across the included studies. Each unique system was assessed against predefined
criteria (Box 1).

Critical appraisal

Formal critical appraisal was not conducted, consistent with PRISMA-ScR®' and JBI guidance’®
for scoping reviews.

Data synthesis and analysis

We summarised the charted data using descriptive statistics and structured narrative synthesis.
Counts, proportions, and tabulations examined patterns by model class, translational stage,
development-country income level, perinatal stage and paternal inclusion; medians and IQRs were
computed with linear interpolation of quartiles. Cross-cutting design tensions were synthesised
inductively from reported design choices, implementation constraints, and study limitations using
constant comparison. D.O.0O. developed and iteratively refined the categories against the source
publications, merging overlapping concepts and retaining tensions that recurred across multiple
studies.

GMS totals were compared across rule-based, classical machine-learning, LLM, and hybrid
studies using the Kruskal-Wallis test. The primary contrast between rule-based and combined



LLM-and-hybrid studies was assessed using the Mann-Whitney U test with rank-biserial
correlation as the effect-size measure. Non-parametric tests were used because GMS totals are
bounded scores derived from ordinal dimension ratings and group sizes were small and unequal.
Robustness was examined in four sensitivity analyses: collapsing multiply-evaluated systems to
one value per system, restricting to studies published 2022-2025, using raw extracted classes
without the response-generation rule, and excluding conference publications. Given tied
observations, Mann—Whitney p values used the asymptotic normal approximation and Kruskal—
Wallis p values used the asymptotic chi-squared reference distribution because of tied
observations. Analyses were conducted in Python (v3.11) using SciPy (v1.11.4)'°, with two-sided
p < 0.05 considered statistically significant (Supplementary Data 1, sheets 13 and 14). These
comparisons are exploratory and provide supporting evidence for the observed patterns.

Data availability

All data supporting the findings of this review are provided with the article and its Supplementary
Information. The review protocol and the verified dataset are available on the Open Science
Framework (https://osf.io/63mpb).

Code availability

All code used to compute the statistical analyses and figures reported in this article is available at
https://github.com/DesmondObe/perinatal-CA-governance-review and archived at Zenodo
(https://doi.org/10.5281/zen0d0.23060908)
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